Measuring the Importance of Cues in Judgment for
The fields of psychology and education remain embroiled in an ancient debate concerning the relative importance of heredity and environment in determining intellectual performance. This debate also rages in the general populace, fluctuating in intensity from time to time (Cronbach, 1975) . Many people have strong opinions on the subject, even though few are able to state the statistical definitions of "importance" that give the debate meaning in the academic arena. The thesis of this paper is that people have well-defined systems of intuitive IQ prediction that differ in striking ways from the statistical models used in IQ studies.
The present paper does not focus on the statistical attempts to untangle the effects of heredity and environment on actual IQs, but rather on the subjective representations of these factors. Judges are asked to predict the IQs of adopted children in a hypothetical experiment that unconfounds the biological and adoptive parents' IQs and socioeconomic status. (For example, "What would you predict for the adult IQ of a child whose biological parents' IQs were both 70, and who was raised by adoptive parents with IQs of 130'~"). If the responses to such questions can be modeled, one can measure the subjective importance of heredity and environment information and detect the presence of perceived interactive effects of heredity and environmental factors. The IQ judgment domain was selected for study because IQ judgments were expected to show large individual differences. The major purpose of this study is to examine whether individual differences in judgment are lawful and whether they can be systematically predicted from self-reports.
Additive Model
Before discussing how judges might make IQ predictions, it is instructive to consider how a statistician might perform this task. One procedure would be to use an additive, linear regression model: i=l where R is the predicted IQ, )rAM and it'll are the weights of the adoptive mother and biological father, respectively; .rAM and sBF are the IQs of the adoptive mother and biological father, respectively; and the series (+ . . . ) indicates addition of terms for other variables (such as socioeconomic status) that might be available to aid prediction. It seems possible that Eq. (1) could also be used to represent judgments of IQ. (When used as a model of judgment, the scale values (.rAM, etc.) would be assumed to depend upon actual values but would nonetheless be estimated from the data.) However, judgment data for numerous tasks have shown systematic violations of the additive model (Anderson, 1974; Birnbaum, 1974 Birnbaum, , 1976 Birnbaum, Wong, & Wong, 1976; Birnbaum & Stegner, 1979) . Averaging models have been shown superior to additive models for these tasks; therefore, it seems reasonable to consider the possibility that judgments of IQ will also violate Eq. (l), in favor of an averaging model.
Averaging Model
An averaging model for IQ prediction can be written (2) where M',, and s, are the weight and subjective scale value of the initial impression, and other terms are defined as above.
When the number of cues is varied, or the weight of the cues is manipulated, additive and averaging models make different predictions. Assume that the weight of an unpresented cue is zero and the weight of a cue is independent of the other cues presented for judgment. The additive model implies that the effect of a cue is independent of the number and weight of other cues. In contrast, the averaging model predicts that the effect of each cue will be inversely related to the number and weight of the other cues. For example, Eq. (2) shows that the effect of adoptive mother's IQ on the child's IQ will be less when the biological father's IQ is presented than when this information is omitted, since wBF appears in the denominator of the relative weight of SAM in the first case but not in the second. Similarly, the greater the weight of biological father's IQ, the less the effect of adoptive mother's IQ.
Corzjigural-Weight Averaging Model
Both Eqs. (1) and (2) predict that the effect of each cue will be independent of the value of the other cues. For example, the effects of the adoptive mother's IQ should be the same whether the child had a biological father with an IQ of 70 or one with an IQ of 130. However, suppose the judge believes in a heredity-environment interaction. For example, the judge could believe that the effect of environment is greater for children of high-IQ biological parents compared with low. If judges exhibit evidence of such interactions, then Eq. (1) or (2) would need to be revised or replaced.
Configural-weight averaging models have been proposed to account for similar interactions obtained in other judgment domains (Birnbaum, 1974; Birnbaum & Stegner, 1979) . In these models, the relative weight of a cue depends in part on the relationship between the value of that cue and the values of other cues presented simultaneously.
A simple model assumes that the relative weight is given by the expression
where MI+ is the relative weight of cue i on trial m; it's is the absolute tm weight of cue i; uirn = 1 if the scale value of cue i on trial m is the largest of those presented on that trial; aim = -1 if the scale value of cue i is smallest on trial m; and vim = 0 otherwise; and w is the relative weight added to or subtracted from the weight of the cue with the largest or smallest scale value, respectively. If w is positive, the largest scale value receives an increment in relative weight; if w is negative, the smallest scale value receives an increment in weight. In the IQ prediction task, for example, w could represent a heredity x environment interaction. A positive o would reflect belief that the differences due to heredity are less when the environment is improved. A negative value of w would reflect a tendency to believe that differences due to heredity are amplified by improved environments.
Measuring Psychological Importance
"Importance" has a meaning in this paper different from its definitions in statistical discussions of analysis of variance or multiple regression. The reason for this distinction is that models describing intuitive judgments differ from the models frequently used to make normative statistical predictions (Birnbaum, 1976) . The additive models of statistics often represent "importance" in terms of relative magnitudes of effects. In the additive model, indices of effect magnitudes have undesirable properties, especially when the variables are correlated (Darlington, 1968) . Even under the best conditions, Eq. (1) cannot be used to separate weight and scale value (Schonemann, Cafferty, & Rotton, 1973) . For example, let ~1'~ = M'ilai and s'i = aisi. Then, M"~s'~ = 1.1'~s~. and the predicted response would be the same regardless of the arbitrarily selected value of ai. Therefore. the scaling of the weights and of the scale values of the cues are confounded. When additive multiple regression is used, the scale values are either assumed to be known, or the variance of the scale values is assumed to be equal for all cues. However. if these assumptions are not applicable to human judgment, then these indices of the "importance" of variables would seem unlikely to correlate with other methods for measurement of importance.
Early research in judgment (Goldberg, 1968; Slavic & Lichtenstein, 1971; Wiggins, Hoffman, & Taber, 1969) once used additive models to represent judgments. In this research, ratings of the "importance" of a variable rarely coincided with statistical measures of importance. Nisbett and Bellows (1977) recently argued on the basis of a lack of correlation between additive model main effects and judged importance that people lack understanding of the importance of variables in judgment. Nisbett and Wilson (1977) argued from such findings to the conclusion that sub-jects do not have introspective access to higher-order cognitive processes. However, those studies used such poor procedures for the measurement of importance that lack of correlation between the measures should not be considered a diagnostic test of the conclusion.
In contrast with the additive model, which has not been successful in judgment experiments and does not provide unique weight estimates, the configural-weight averaging model remains consistent with data for other domains and (given appropriate experimental designs) constrains the weights of the variables. The weights can be estimated from the averaging model only when proper experimental designs are utilized (Birnbaum, 1976; Birnbaum & Stegner, 1979; Norman, 1976) . In particular, the weight of a variable is estimated tzot from the main effect of that variable, but instead from a comparison of effects of other variables when the variable under consideration is or is not presented. The present research utilizes appropriate experimental designs that permit a test of the modela and also permit an estimation of weights should the averaging model be found applicable.
Purposes of Present Research
This research addresses five questions. I. What model characterizes how judges combine heredity and environment information to form predictions of IQ? Do different individuals appear to use different processes to combine the information, or can all the data be summarized by a single model using different parameters for different individuals?
2. Are individual differences in parameters localized in weights, scale values, configural weighting, or all of these? 3. Are parameter estimates for individuals predictable from selfreports?
4. How are individual differences related to educational level? 5. How do intuitive predictions of IQ and actual IQ data compare? These questions bear not only on the generality of the configural-weight averaging model, but also address issues in individual differences that have been raised as challenges to the psychological meaning of algebraic models as representations of judgment (Wyer & Carlston, 1979) . Individual differences would be troublesome for the use of algebraic models unless the individual differences are themselves predictable. If the parameter estimates for individuals are predictable from self-reports, it would not only refute the notion of Nisbett and Wilson (1977) that individuals lack self-insight into their cognitive processes in this domain, but it would also lend support to the model ofjudgment and measurement techniques.
It might seem reasonable to suppose that highly trained psychologists would use a process to predict IQ different from that used by undergraduates. It has been suggested that such experts would use a model more consistent with the additive multiple linear regression model (Eq. ( 1) ) than with the averaging model (Eq. (2)). Accordingly, Experiment 2 employed samples of faculty, graduate students, and undergraduates to test this hypothesis.
One simple possibility for the locus of individual differences is that individuals differ mostly in the weight and rated importance of different sources of information and in the configural weights but that they are homogeneous with respect to the process used to combine the information. This theory, which will be shown viable in this paper, assumes that people who believe a factor is more important will place more weight on that factor. Thus, this possibility assumes that weights estimated from judgment data and ratings of importance are two distinct methods for measuring the importance of cues. 
METHOD

Questionnaire
After completing the IQ prediction task, the judges completed 10 items in which they judged the relative importance of each cue compared with each of the other cues along a 1-l 1 point scale in which 6 designated that the two variables were of "equal importance." and the end points designated that the variable on the left or right was "very very much more important." An 1 lth item asked the judges to rate their impression of the relative importance of all of the heredity variables vs all of the environment variables.
Experiment 1
There were 200 hypothetical cases to judge. constructed from single cues or cue combinations. To include all possible combinations of five levels of each of five cues and all possible subsets would require 7775 trials. A subset of possible designs was therefore chosen that would include wide variation in set size (from one to five cues), would allow estimation of mother by father and heredity by environment interactions. would constrain parameter estimates. and would permit tests among the theories under investigation. The 200 cases were generated from three designs described below:
I. Single cue designs. On 25 trials. judges based their predictions on only one of the five cues. Each of the five cues had five values. The levels of SES were l(2.3.4, and 5: the levels of IQ were 70, 85. 100, 115, and 130.
2. Mother-father design. One hundred cases, in which two pieces of information were available, were constructed from a 2 x 5 x 2 x 5 factorial design in which (a) the mother was either biological or adoptive, (b) her IQ was either 70,85. 100, 115, or 130: (c) the father was either biological or adoptive, and (d) his IQ was either 70. 85, 100. 115. or 130.
3. Biologica! parents by environmrnt design. Seventy-five cases of three, four. or five pieces of information were generated from three 5 x 5 heredity x environment subdesigns in which the biological mother and father had identical IQs of either 70. 85. 100, 1 IS. or 130. (a) In the first subdesign, these five levels of biological parents' IQ were paired with the five levels of SES. (b) In the second subsesign, biological parents' IQ was combined with each of five levels of adoptive parents' IQ (both 70. both 85, both 100, both 1 IS, or both 130). (c) In the third subdesign, biological parents' IQ was combined with each of five combinations of adoptive parents' SES and adoptive parents' IQ (i.e., SES = I, both IQs = 70: SES = 2, both IQs = 85; SES = 3, both IQs = 100; SES = 4, both IQs = 115; or SES = 5. both IQs = 130). In combination, these three subdesigns form a 5 x 5 x 3 design in which the third factor represents the amount of environmental information (SES only: IQs of both adoptive parents; SES and IQs of both adoptive parents).
Procedure.
The 200 trials were printed in random order (all designs were intermixed) in booklets with three pages of instructions and 20 representative warm-up trials. The judges were permitted to work at their own pace.
Judges. The judges were 50 students at the University of Illinois, Urbana-Champaign. Of these, 18 were graduate students who were paid $2.00 each for their services and the rest were undergraduates who participated for extra credit in a lower-division psychology class. The judges were tested alone or in small groups.
Experiment 2
Judges.
To investigate individual differences among judges with greater variance of education in statistics and psychology, a short form of the experiment was mailed to the faculty and graduate students of the Psychology Department of the University of Illinois at Urbana-Champaign. The experiment was to be filled out at their convenience an'd returned by mail. Of the 98 doctorate-level scholars listed on the academic staff roster, 54 completed forms were returned. Of 160 graduate students, 77 completed forms were retlgrned. An additional 57 undergraduates, who received extra credit in introductory psychology, were tested on the short form in the laboratory for comparison with the faculty and graduate students. 
RESULTS
Based on their responses to the questionnaire, the four samples of judges were segregated into heredity. environment, and extreme environment groups, as shown in Table 1 . Judges were assigned to importance rating groups on the basis of a composite score. which was the sum of the 6 relative importance ratings of environment vs heredity cues (appropriately keyed) plus the overall rating of environment vs heredity. The heredity group judged heredity to be greater than or equal to environment in importance. The extreme environment subjects rated environment as "much more" important than heredity.
Separate analyses as described below were performed for all 12 groups in Table 1 . In addition, the data for each individual were graphed and fit to the model separately. It was found that group averages were highly representative of individual data, that the configural-weight averaging model provided a good fit to the data of each individual or group, and that differences between individuals or groups could be located in the weights of the different sources. Individual subject analyses showed no evidence that subgroups of individuals would require different models; instead, it appeared that all subjects could be represented by the same model using different weights. Although a greater percentage of the more educated groups rated heredity more important to the determination of IQ (and placed greater weight on biological variables), no evidence was found to suggest that persons of different educational level used different strategies. Once the importance ratings were known, there was no systematic difference in the faculty vs student data. Accordingly, Experiment 1, which has a larger experimental design, will be used to illustrate graphical analyses at the group level. Experiment 2, which used a greater number of subjects, will be used to illustrate the individual differences analysis.
The configural-weight averaging model (Eqs. (2) and (3)) was tit to the 600 mean judgments of IQ in Experiment 1 (200 trials x 3 groups) by means of a computer program that utilized the STEPIT subroutine (Chandler, 1969 ) to find a least-squares solution. The model assumes that the 25 scale values (for the five levels of five cues) are identical for all three groups, and that groups differ only in the weights of the different types of information and in the value of the configural-weight parameter. This model requires the estimation of 25 scale values for the five levels of five variables, 15 weights (5 weights for each group), a scale value for the initial impression, and three configural-weight parameters (one for each group). The weight of the initial impression can be arbitrarily set to 1.0, without loss of generality. The least-squares solution yielded a sum of squared discrepancies of 1856; dividing by 600 and taking the square root yields an average data-prediction discrepancy of 1.76 IQ points, apparently a close fit. Table 2 shows the estimated weights for the five variables for each of the three groups. and the estimated configural-weight parameters for Experiment I. Table 3 shows the estimated scale values for the five levels of the five variables, which were constrained to be identical for ail three groups of subjects. The estimated weights show clear changes as a function of the importance ratings. The weights of both biological mother and biological father decrease as belief in the effects of the environment increase. The weights of both adoptive parents are greater for the environment groups than for the heredity group. Similar results were obtained with separate analyses of faculty, graduate, and undergraduate samples of Experiment 2.
The groups also differ in the sign and magnitude of the configural weight effect. The fit of the model suffers if the configural weight terms are not included; the sum of squared discrepancies increases from 1856 to 2267. The estimated configural-weight parameter, w, has opposite signs for heredity and environment groups. The negative value of o for the heredity group can be interpreted as follows: if one parent (or source of information) has a low value. the predicted IQ of the child will tend to be lower. It is as if belief in environment vs heredity is correlated with an optimistpessimist distinction.
Graphical Analyses
The mean judgments of IQ for Experiment 1 are shown as solid points in Figs. 1 and 2 . The results are shown separately for the heredity group (upper panels), environment group (middle panels), and extreme environment group (lower panels). The curves represent predictions for the configural-weight averaging model (Eqs. (2) and (3)), assuming that only the weights depend upon group. As can be seen in the figures, the model predictions (lines) come very close to the data (points).
Biological parents by environment design. Figure 1 shows In general, the slopes of the curves in Fig. I represent the effects of the environmental information.
The slopes are smaller in all panels for the heredity group (upper panels) than they are for the environment group (middle panels), or the extreme environment group (lower panels). Also, as more environmental evidence is added (from left to right) the slopes increase. Thus, the curves increase in slope as one proceeds from the left-hand panels, where the abscissa represents SES only. to the righthand panels, where the abscissa represents both adoptive parents' IQs plus SES.
As the effects of environmental information (slopes) increase, the effects of the biological parents' IQs (vertical distances between the curves) decrease. This trade-off of relative magnitudes of effects is not predicted by additive models, including the least-squares multiple regression model, for additive models would require that the effect of the biological parents' IQs (spreads in Fig. I from left to right) be independent of the amount of environmental evidence (see Birnbaum, 1976 ). This pattern, in which the effect of biological parents' IQ diminishes as environmental evidence is added, was observed for 12, 13, and 18 of the 14, 16, and 20 subjects in the three respective groups: the interactions were statistically significant for all three groups, F(8, 104) = 7.81, F(8, 120) = 8.23, and F(8, 152) = 16.59, respectively. (In general, any systematic trend that can be seen in Figs. 1 and 2 is statistically significant and replicated in Experiment 2.) The fact that the vertical spreads of the curves diminish as more environmental evidence is added is consistent with the averaging mechanism of Eq. (2), which predicts that the effect of any one variable will be inversely proportional to the total weight of other variables presented.
Mother x j&her design. Figure 2 presents the results for the mother x father design for Experiment 1. The abscissa represents the father's IQ with results for the biological father on the left and for the adoptive father on the right. Within each panel. curve parameters represent IQ levels for biological mother (left) or adoptive mother (right). Thus. proceeding from left to right, the data represent IQ predictions based on two biological parents. a biological father and adoptive mother, an adoptive father and biological mother, or two adoptive parents.
The top panels of Fig. 2 portray the results for the group who rated heredity more important than environment. Proceeding from left to right, it can be seen that the effects of each adoptive parent's IQ is less than that of the biological parent-s. However. this difference was completely reversed among judges who rated environment much more important than c ' ' ' ' ' I I 1 ' 1 2. Mean judgment of IQ as a function of father's IQ with a separate curve for each level of mother's IQ (Experiment I). Left panels are for biological father, with separate sets of curves for biological and adoptive mothers. Panels on the right are for adoptive father, with separate sets of curves for biological and adoptive mothers. As in Fig. I . rows 'of panels are for different groups of judges: points are mean judgments: and curves are theoretical predictions. heredity (lowest panels). Similar results were obtained for the mother by father design of Experiment 2.
These trends can also be seen by inspection of individual data points. For example, given one, biological parent of IQ = 130 and an adoptive parent with IQ = 70, the mean judgment for the heredity group is 107. The extreme environment group predicts only 86, given the same information. On the other hand when one adoptive parent has an IQ of 130 and the biological parent has an IQ of 70, the mean judgment for the heredity group is only 87, whereas the mean for the extreme environment group was 110.
The results in the far left column can be interpreted as a representation of the judges' subjective theories of heredity. For example, suppose subjects believe that high IQ is gentically "dominant.'* This belief might produce a convergent interaction in the panels on the left, since if either biological parent contributed a "high IQ gene," the offspring would be "high." Similarly, the curves on the far right represent intuitive theories of how the mother and father affect the quility of the family environment. Finally, the sets of curves in the two center columns represent the judges' subjective theories of one aspect of the heredity-environment interaction. The data points in Fig. 2 are not quite parallel, that is, they converge to the right for the environment groups (lower panels) and they diverge to the right for the heredity groups (upper panel). Similar patterns can also be seen in Fig. 1 . The predicted curves also show convergence or divergence, since the configural-weight model (Eq. (3)) can account for interactions with nonzero values of w. A convergent interaction (which would be represented by a positive value of w) reflects a tendency to "give the benefit of the doubt" and make a high IQ prediction when there is both high and low valued information.
The data in the right of Fig. 2 for the environment groups converge even more than predicted (note that the response is above the predicted value when one adoptive parent has an IQ of 130 and the other 70). Except for these deviations, which do not appear serious, Figs. 1 and 2 show that whereas different values of o are required for different groups of subjects. the same value of o (same interaction) could be used for all of the subdesigns, including heredity x heredity, heredity x environment, and environment X environment.'
Individual Differences
Data for each individual judge were plotted as in Figs. 1 and 2 , and it was found that the vast majority of judges in all groups of both experiments showed trends consistent with the averages. Experiment 2, having the larger number of subjects, will be used to present the individual subject analysis.
The data for each of the 188 subjects in Experiment 2 were fit to the configural-weight averaging model separately, assuming that all subjects have the same scale values. Different individuals were permitted to have different weights, a different w , and a different s,; MJ~ was fixed to 1 .O. The square root of the average data-model discrepancy was less than 5 IQ points for 84 of the 188 subjects and less than 6 for 134 of the 188 subjects.
Rating of the relative importance of variables can be used to predict the estimated weights for individuals. Since the judges rated the importance of each variable in comparison with each of the other four variables, it was possible to sum the four ratings to define an index for each variable representing its rated importance. These indices of rated importance were correlated . 75, .77, .68, .S8, and .44 To give a single overall indication of the predictability of the individual weights from the self-ratings, the simple heredity vs environment composite, wyBM + nlBF -wAM -o'er (sum of the relative weights of biological minus environmental parents) was correlated with the sum of the importance ratings of biological vs environmental variables, yielding a correlation coefficient of .80. Thus, it appears that the relative weights of cues estimated from the model can be predicted from self-reports of the relative importance of the cues.
As in Experiment 1, the value ofo is positively correlated (r = .24) with the single rating of environment minus heredity. A more detailed analysis of the correlation matrix of all of the ratings and estimated weights is presented in the Appendix.
Alternative Models
One might ask whether the differences between the groups in Figs. i and 2 could be just as well explained by assuming different scale values for the three groups and constraining the weights to be equal instead of vice versa. Although this model uses 41 additional parameters for Experiment 1, it yields a much larger sum of squared errors (3203) than the simpler model (l&56), which assumes that only the weights depend on the group. By allowing the range of scale values to vary for different groups, the more complex model could potentially explain the changes, in the effects of biological vs environmental information across groups. However, it fails to explain adequately the decrease in the effect of one type of information when another piece of information of the same type is added. Hence, this model overpredicts the effects of two adoptive parents for the environment groups (Fig. I) and overpredicts the effects of two biological parents for the heredity group. The simpler theory that weights differ gives a more accurate account of these results. Since the change of scale value theory provides a poorer fit and uses a greater number of parameters, it seems preferable to represent differences among the groups in terms of differences in weight.
The most general model would allow both scale values and weights to differ for different groups. The best-fit scale values derived separately are very nearly identical for all three groups of Experiment 1. Although the sum of squared deviations decreases from 1856 to 1708 for Experiment 1, it does so at the cost of 52 additional parameters. Therefore, the data do not appear to require different scale values for different groups.
p Based on 188 cases, the critical vaiue of r at the .Ol level of significance is ,188
When weights and scale value ranges were estimated separately for each subject in Experiment 2. the estimated weights continued to correlate with the ratings of importance, but the scale value ranges did not. For example, the single rating of the relative importance of environment vs heredity correlated only -. 17, -. I I, .lS, -.02. and -.03 with the scale value ranges for BM, BF. AM, AF, and SES. respectively. The fit of the more general model to individuals in Experiment 2 does not appear sufficiently better to justify the additional parameters. The square root of the average squared data-model discrepancy was less than 6 IQ points for 144 subjects (compared with 134 subjects when the simpler model is applied). This does not seem a large improvement in tit, considering the additional complexity.
In summary, analyses showed that single subjects' data are highly consistent with group data shown in Figs. 1 and 2 , that data for individuals do not appear to require different models, that estimated weights are highly predictable from ratings of the relative importance of the variables, and that by assuming different subjects have the same scale values (but different weights), the configural-weight averaging model can provide a good fit to the data.
DISCUSSION
It should be apparent from the orderliness of the figures and the close agreement between the model and data that intuitive predictions of IQ can be well explained by a few simple premises. Predictions of 1Q can be described by the configural-weight averaging model (Eqs. (2) and (3)), where the value of the information is represented by scale value and the importance is represented by weight.
Ratings of the relative importance of the cues can be used to predict the relative weights. In addition, judges who rate heredity more important than environment tend to place greater configural weight on lower-valued information.
In contrast, judges who rate environment more important tend to give the "benefit of the doubt" by placing greater weight on the higher-valued information. With these assumptions. the conhgural-weight averaging model gives a good account of the results of both within-subject design manipulations and individual differences between subjects. The present results are consistent with the conclusions of Birnbaum (1976) , Birnbaum et al. (1976) , and of Birnbaum and Stegner (1979) , who obtained data consistent with the configural-weight averaging model. In those studies the subjective validity of cues was manipulated, and this manipulation could be represented by variation in the weights. Birnbaum (1976) has shown that weights represent cue-criterion correlations in intuitive numerical prediction; Birnbaum et al. (1976) found that weight of a source of information in impression formation depends on length of the source's acquaintance with the person described. Birnbaum et al. ( 1976) and Birnbaum and Stegner (1979) found that weights depend on the mechanical expertise of the source of information about used cats. In the IQ study, individual differences determine the weights of different cues. Note that weights summarize two effects in Fig. 1 . As more environmental information is added (from left to right in each row) or as one proceeds from heredity to environment groups (top to bottom), the weighlt of the environmental information increases. Thus, differences between individuals can be explained in the same terms as adding more information for the same individual. Nisbett and Wilson (1977) argued that determinants of judgments are often unavailable to the judge, so that the judge is unable to give selfreports of his or her policy. Slavic and Lichtenstein (1971) have als'o noted that regression weights do not correlate highly with self-reported weights. However, regression weights and main effects in analysis of variance confound weight and scale value. In order to compare main effects for two variables, it must be assumed that the psychological variation is equal for both variables. Therefore, previous failures to find correspondence between self-ratings and magnitude of effects may be due to use of inappropriate models of judgment. Nisbett and Bellows (1977) used a between-subjects in which subjects were asked to rate the importance of a single cue level to judgment. However. this poses an impossible task, since a subject cannot be expected to rate the importance (variation) attributable to a variable that is held constant unless the range of variation is known or assumed. Asking a subject (in a between-subjects design) to rate the importance of a cue is like asking an experimenter to tell the effect of a treatment without using a control group. Smith and Miller (1978) have also criticized the study of Nisbett and Bellows (1977) for their failure to examine the relationship between ratings and effects at the level of the individual.
The present experiment utilizes a design that permits segregation of weight and scale value for individuals and it was found that weights correlate with the ratings of importance, but that scale value ranges do not. It may not always be the case that weights will correlate with ratings of importance. In this study, the estimated ranges of scale values were approximately equal for all of the cues and showed no evidence of individual differences. Under different conditions, in which the ranges of scale values varied for different cues or different individuals, it is conceivable that ratings of the importance of variables would correspond to some more complex function such as. for example. the product of the weight times the range of the scale values.
The present results show that with appropriate measurement techniques in this judgment domain, individual differences in model parame-ters are predictable from self-reports. The present results, therefore, do not support Nisbett and Wilson's (1977) speculation that subjects do not have access to their cognitive processes. Although one cannot refute their general claim on the basis of one experiment, it does seem reasonable to caution that one should not be convinced by failures to find correlations between self-reports and experimental effects unless appropriate methods are used for the measurement of the variables to be correlated.
Comparisorl M'ith Actual IQ Data It would be desirable to have as clear an understanding of the determinants of actual IQ scores as we do of intuitive predictions of IQ. It would be very instructive to see actual IQ data plotted as in Figs. 1 and 2 . Unfortunately, selective placement can make the separation of the effects of heredity and environment very difficult (Munsinger, 1975; Starr & Weinberg, 1976) . Figure 3 plots actual mean IQ scores for adopted children as a function of environmental information with a separate curve for each level of biological parents, as in Fig. 1 . The data are from a paper by Plomin, DeFries, and Loehlin (1977) . which reanalyzed experiments by Skodak and Skeels and by Munsinger in order to separate the correlation between heredity and environment from the interaction. The left curves show IQ (stanine) scores as a function of SES of adoptive parents with separate curves for low and high SES of biological parents. The right panel shows Stanford-Binet IQ scores of adopted children as a function of adopted parents' education with separate curves for education level of biological parents. In both cases, the effect of heredity is sizable and statistically significant. The effect of environment in both cases is small, nonsignificant, and (from an environmental viewpoint) in the "wrong" direction. The interactions, though similar in the two studies, were also nonsignificant (Plomin et al., 1977) . These data, though limited, are quite: different from the intuitive predictions of IQ shown in Fig. I .
In light of the evidence that is available (as in Fig. 3 ) it might seem surprising that only 75 of the 238 subjects (3 1 S%) rated heredity equal to or greater than environment in importance. Even the heredity group subjects place more weight on the environment than the data in Fig. 3 seem to justify. On the other hand, the popular media tend to support the environmentalist viewpoint and have given wide publicity to rec.ent ud hominum attacks on proponents of the theory that individual differences may be determined in part by genetic differences (Cronbach, 1975) ; hence, the present results may indeed reflect current beliefs about the effects of environment.
It is interesting that a greater proportion of the Ph.D. psychologists (43%) were in the heredity group than graduates (32%) or undergraduates (22%), though these groups differ on so many variables that no conclusion regarding this difference should be drawn.
Some of the heat of the IQ debate may be made more understandable by comparing the statistical models used to discuss the heredityenvironment issue with the model of IQ judgments. The heritability coefficient seems to be the locus of a number of misunderstandings. The additive regression model does nor predict that the variance due to heredity would increase if the environment were equalized, but the averaging model of intuitive statistics does make this prediction. The additive regression model does nol predict that the possible magnitude of environmental interventions is limited by the heritability coefficient, but intuitive judgments do appear to have this property.
Similarly, assuming heredity and environment are uncorrelated,, as in the present hypothetical ex.periment, the additive regression mode1 would not predict that as more environmental evidence is supplied, the 'differences due to heredity should decrease (Fig. 1) . However, the averaging model does make the prediction. Thus. some of the disagreement over potential effects of equalizing or improving the environment may have stemmed from misinterpreting the heredity coefficient as a relative weight in an averaging model, that is, from thinking that decreases in one effect will increase another effect.
There has also been much disagreement over the heredity-environment interaction. This disagreement appears to be an empirical issue for Iwhich few data are currently available (Fig. 3) , but over which the heredity and environment groups appear to dispute (Fig. 2) . Members of the environment group seem to believe that an improvement in the environment would decrease differences due to heredity whereas the data for the heredity group suggest that they believe an improvement in the environment will actually increase the differences due to heredity.
CONCLUSIONS
Intuitive predictions of IQ can be represented by a configural-weight model. It appears possible to represent the data for all subjects with the same model and scale values but different weights. The relative weights can be predicted from self-reports of the relative importance of the cues. Furthermore, it appears that subjects who rate environment to be of greater importance also tend to place more weight on the cue with the higher scale value than do subjects who judge heredity to be more important.
Although belief in the importance of heredity was correlated with education level, data for judges of different education levels can be represented by the same model using different weights. One possibility that did not materialize was that judges with more education would use a process analogous to that of multiple regression, adding deviations for independent sources of information.
Instead. faculty were as likely as anyone else to place less weight on biological information when more environmental information was given, contrary to additive models. Although actual IQ data are of low quality and quantity, the meager data that exist do not justify the high weight placed on the environment even by subjects who rated heredity more important. If the determinants of actual IQ ever become as clear as intuitive predictions of IQ. it would be interesting to see if education reduces the differences in weights between individuals. Should that occur, then intuitive IQ prediction will cease to be a useful situation for the study of individual differences in judgment.
APPENDIX
This appendix assesses the hypothesis that self-reports and relative weights are measures of the importance of the five variables. For each subject, the relative weights were estimated from the fit of the configural-weight averaging model. These weights and the ratings of relative importance of the variables were correlated. This appendix examines the structure of this resulting multitrait, multimethod correlation matrix. The mean values of the relative importance ratings, estimated parameters, standard deviations, and intercorrelation matrix for Experiment 2 are shown in the left and lower triangle of Table 4 . The weights used in Table 4 are relative weights (each weight divided by the sum of the five weights and the weight of the initial impression for each subject). The multitrait, multimethod correlation matrix (below diagonal of Table  4 ) was fit by ACOVS (see Joreskog. 1974) to an approximate maximum likelihood solution to the following individual differences model:
where C is the predicted correlation matrix for the 16 x 16 matrix of the 1 I ratings and five estimated relative weights; A is a 16 x 5 matrix representing factor loading (i.e., paths connecting each importance to the observed variables), Q, is a 5 x 5 matrix of correlations among the five importance factors; W has 16 diagonal entries representing uniqueness for the 16 variables.
The model of Eq. (4) was further constrained by the assumptions that each estimated relative weight is a measure of the psychological importance (a latent variable) of that source, and each rating of relative importance is a measure of the difference in importance between two variables. These assumptions are indicated by the zeros in parentheses in Table 5 . which shows the A matrix.
The estimated A and Q, matrices are shown in Tables 5 and 6 , respectively. The estimated values in A (Table 5) are of the predicted sign and reasonably large in magnitude. The relatively large and consistent pattern of correlations in the @ matrix (Table 6) indicates that higher-order factors are involved. One could give a good first approximation of Q, in terms of a general heredity vs environment factor.
The upper triangle of Table 4 shows the deviations from Eq. (4). All of the residual correlations are less than .18 with two exceptions. First, the .29 correlation between the rating of the difference in importance between AF-AM and BF-BM is predicted to be only .02 by the mode:l. This residual correlation may indicate a consistent, but perhaps unimportant tendency to rate the father or mother as higher in importance. The second locus of deviations is among the intercorrelations of the estimated weights. Since each relative weight is divided by the sum of the weights, residual correlations among the estimated parameters may not have a substantive interpretation.
By allowing a "method" factor (on which only the estimated weights load) a better fit to the correlation matrix could be obtained. Thus, although the individual differences model of Eq. (4) (with the constraints shown in Table 5 ) could be improved, it appears to provide a reasonable approximation to the correlations in Table 4 . Therefore, the correlation matrix appears compatible with the hypothesis that both weights and relative importance ratings are measures of the psychological importances of the cues to individuals.
